Abstract. Alternative splicing (AS) is an important post-transcriptional mechanism that can increase protein diversity and affect mRNA stability and translation efficiency. Many studies targeting the regulation of alternative splicing have focused on individual motifs; however, little is known about how such motifs work in concert. In this paper, we use distribution-based quantitative association rule mining to find combinatorial cis-regulatory motifs and to investigate the effect of motif pairs. We also show that motifs that occur in motif pairs typically occur in clusters.
Introduction
Alternative splicing ( Fig. 1 ) plays an important role in the generation of protein diversity and subcellular localization, interacting with other regulatory processes such as transcription and signal transduction [1] . Furthermore, alternative splicing (AS) is also known to be involved in a variety of diseases including familial isolated GH deficiency type II (IGHD II), Frasier syndrome, and myotonic dystrophy; see [2, 3] for a detailed review. It is estimated that up to 70% of human genes are alternatively spliced [4] . This percentage might even increase if one takes into account that AS events often only occur in specific tissues, or developmental stages [5] .
The mechanism and regulation of splicing is a complex process, affected by multiple factors, including exon size, trans-factors (e.g. SR proteins), and cis-regulatory motifs [6] . Often, cis-regulatory motifs are found near the corresponding splice site [7] , where they act either as binding sites for trans-regulatory factors, or by forming loop structures on pre-mRNA [8] . These motifs can be further categorized according to their location and function as exonic splicing enhancers, intronic splicing enhancers, exonic splicing silencers, or intronic splicing silencers.
Multiple studies have searched for splicing signals using experimental and computational methods [9] [10] [11] . For example, Yeo and colleagues [5] showed that cisregulatory elements might influence the amount and the type of alternative splicing. Researchers have also analyzed the frequencies of k-mers in exon and intron regions neighboring splice sites [1, 5, 9] . Other studies have analyzed splice sites using Gibbs algorithm [12] , and used a support vector machine to identify regulatory elements [10] . Recently, Burge's group suggested a statistical method to find interacting pairs of cis-regulatory elements by detecting co-occurring conserved intron motifs [13] .
In this paper, we use quantitative association rule mining to discover individual exonic/intronic sequence motifs, and motif pairs that influence AS in mouse tissues. In the Methods Section we will describe the data set used and our rule mining algorithm. In the Result Section we describe the statistically significant rule set that was inferred. Finally, we discuss our validation strategy and the biological significance of our results. Two mRNA isoforms and their corresponding proteins are generated. Exon 2 (marked in grey) can be either included or skipped.
Methods

Datasets
In a seminal paper, Pan and colleagues measured alternative splicing patterns of thousands of mouse genes using a custom microarray [14] . This work resulted in the publication of exon skipping rates for 3126 alternatively spliced exons from 2647 genes, in 10 tissues. To estimate these exon skipping rates, Pan and colleagues employed a generative model for the Alternative Splicing Array Platform (GenASAP) [15] . In this model, the exon skipping rate is defined as the observed expression value of the transcript isoform lacking the cassette exon divided by the total expression of both isoforms. For example, Fig 2 shows exon skipping rate values of the BG046833 gene in 10 tissues. In our research, we used Pan's dataset to search for association rules linking possible regulatory motifs to differential exon skipping rates.
First, we retrieved 3126 whole-length transcripts from NCBI using GeneBank [16] identifiers provided by Pan and colleagues. We trimmed the polyA tails using the trimest program from the EMBOSS package [17] , and then mapped the transcripts onto the mouse genome (Build 36 v.1 released in May 2006) via BLAT [18] . Only transcripts which aligned with more than 95% identity over the whole transcript were used in our experiments. After alignment, each transcript can have more than one partial match to the genome sequence (called "blocks" in BLAT), indicating potential exons. Blocks separated by less than 5bp were merged. We compared Pan's cassette exons and their neighboring constitutive exons with the corresponding set of alignment blocks. Only genes where the exon borders differed by less than 5bp from the corresponding block borders were retained for our study, resulting in a total of 2565 alternatively spliced pre-mRNA sequences.
Quantitative Association Rules
Association rule mining is a tool used to find interesting relationships or associations among a set of items (see ref. [19] ). An association rule is an expression of the form X => Y, where X and Y are disjoint sets of items. Given a database D of transactions, where a transaction T∈D is a set of items, a rule indicates that whenever T contains X, then T probably contains Y, as well. The support of an association rule is the number of transactions for which X and Y both appear together; a rule's confidence is the support divided by the number of transactions for which X appears, regardless of Y. Given a user defined minimum support and confidence, the goal of ARM is to find all association rules that satisfy these thresholds.
The majority of ARM applications have dealt with databases of categorical items (e.g. market basket databases), and many algorithms for dealing with this type of data have been suggested [19] [20] [21] [22] [23] [24] . However, for many practical problems, there are also important quantitative attributes that are measured on a numerical scale. Since quantitative attributes, in general, cannot be treated as categorical ones, it is necessary to define quantitative association rules and corresponding rule mining algorithms. Several recent papers have addressed this problem [25] [26] [27] .
One of the most popular methods is based on discretization (also called binning) of quantitative attributes. This method allows rules to be described in terms of numeric intervals, for example, X∈ [20, 30] => Y∈ [5, 10] . Although this method is straightforward, its results are often sensitive to the choice of bin size. Aumann and Lindell [26] proposed an alternative approach that overcomes the challenge of choosing the "correct" bin size. Their method represents the distribution of continuous data using standard statistical measures such as mean and variance. Under this framework, a quantitative association rule is an association between a subset of a database (lefthand side of a rule) and its "extraordinary" behavior (right-hand side of rule). For example, the quantitative rule {A, B} => {mean (X) = 68.7} relates categorical items A and B to X, a quantitative attribute. This rule is interesting if it reveals that a group containing A and B shows has a significantly different average value for X than the rest of the data.
Heptamer Association Rules
The goal of our study is to apply quantitative association rule mining to find sequence motifs associated with tissue-specific alternative splicing, We searched for interesting rules of the form "a set of heptamer(s) => exon skipping rate", where a set of heptamer(s) from seven exon/intron regions are categorical attributes and exon skipping rate is a quantitative attribute. An "interesting" rule indicates that genes which include a specific set of heptamer(s) are likely show an extraordinary exon skipping rate in one or several tissue(s) as compared to the remaining genes. After testing k-mers with k ranging from 5 to 9, we chose heptamers because of their superior performance, and because they are capable of detecting binding sites of splicing factors such as SR proteins [5, 9, 28] .
We defined seven regions around each alternatively spliced exon. Since it is assumed that the majority of cis-regulatory elements involved in splicing are found close to splice sites [7, 29] , we restricted our analysis to 200 base pairs flanking the splice sites. Under this framework, each gene corresponds to a transaction. Each transaction contains as items, the counts for all occurrences of all possible heptamers in each of the 7 different gene regions. Figure 3 shows how the transaction database can be represented in tabular form. Each row corresponds to the transaction for a single gene. The table contains columns for each possible heptamer/region combination, for a total of 4 7 × 7 = 114,688 columns. Also included in the table are 10 additional columns containing the exon skipping rates for the various tissues. In figure 3 (and throughout the text), the heptamers from a given region are prefixed with the region number; for example, the heptamer GGCAGAT from region 4 is designated by 4_GGCAGAT. Fig. 3 . For each alternatively spliced exon (grey box) we define seven regions (1-7) in the corresponding genomic sequence. The heptamer composition of each region is analyzed separately, and the corresponding heptamer counts are stored in an occurrence table.
Algorithm
To identify sequence motifs associated with changes in exon skipping rates, we used an adaptation of Aumann and Lindell's method. The algorithm for finding heptamer association rules follows three steps, outlined below:
1. Find all "frequent" heptamer sets, where a heptamer set is called frequent if its support is greater than a user-defined minimum support threshold. 2. For each frequent heptamer set and tissue type, compute the mean exon skipping rates for genes having the heptamer set, and genes lacking the heptamer set. 3. Identify and report "interesting" association rules using a t-test of the skipping rates computed in step 2. Association rules are considered interesting if the exon skipping rate is significantly different depending on whether the heptamer set on the left-hand side of the rule is found in the gene.
We computed frequent heptamer sets (which include both location and sequence information, as shown in figure 3 ) based on an a priori algorithm [19] . To efficiently compute frequent heptamer sets containing multiple heptamers, we used an itemset inclusion lattice, as described in [30] . The lattice, G = (V, E), is composed of nodes of frequent heptamer sets with edges showing parent/children relationships (Fig. 4 ). An item superset cannot be frequent if any of its subsets is not frequent. For example, in Fig 4, a frequent heptamer set, {A, B} is frequent and all of its subsets, {A}, {B} are frequent. Also, {A, B, C} cannot be a frequent set because one of its subsets, {A, C} is not frequent.
To identify interesting rules, we used a standard t-test. Let D denote the full gene set; let T A denote the set of genes which include a given frequent heptamer set, A, which occurs on the left-hand side of a rule for some tissue, t; and, let D − T A denote the remaining genes. Given the heptamer set, A, we first compared We noticed that the heptamer items for rules often overlapped, and could be simplified by substitution with a single, longer sequence motif on the left-hand side of the rule. To identify such cases, we analyzed the overlap and distance patterns of heptamer items involved in complex rules. If an overlapping heptamer pair exceeded the support threshold we replaced the heptamer pair by a single, larger sequence item and updated the rule correspondingly.
Results
We computed all association rules for minimum support values ranging from 20 to 70 in increments of 5, corresponding to 2.72% to 0.77% of the whole dataset. Based on previous experience, we assumed that 20 genes is the smallest number to safely support sequence motifs as candidates for binding sites; we then increased the minimum support threshold and extracted the corresponding interesting rules until we could no longer find any interesting rules. In total, we mined 97 interesting rules, of which 3 contain multiple heptamers. There are 59 different heptamer sets and 71 individual frequent heptamers in the left hand sides of the rules. The rules found for exon skipping rates in spleen tissue are listed in Table 1 of the Appendix. All rules extracted are statistically significant after correcting for multiple testing.
We performed a permutation experiment to estimate the number of rules obtained from a randomized data set. To do so, we shuffled gene sequences and exon skipping rates and then re-ran our algorithm. This procedure was repeated 100 times. Using the same minimum supports, we found that the mean number of simple rules obtained from the randomized data sets was 14.7, compared to the 97 rules we found in the original database. Furthermore, we were unable to extract any complex rules using the randomized data sets.
In general, the number of reported rules decreases with increasing minimum support, but some rules were especially robust. Several heptamer sets in region 4 (cassette exon) are commonly found for a wide range of minimum support values. For example, a rule with left hand side GCTGGAG was reported for all tested support values in association rules describing exon skipping in brain, intestine, kidney, liver, lung, muscle and salivary tissue. This heptamer overlaps with the 5' end of a potential SC35 binding site. It has been shown that this binding site is crucial for the correct splicing of exon 5 of muscle-specific cardiac troponin T transcripts [31] .
The complex rules we uncovered included two complex rules having heptamers from different regions. In brain tissue, the rule {6_TTTAAAA, 3_TTATTTT} => {meandiff(Brain) = -20.216} indicates that genes with both TTTAAAA in the downstream intron and TTATTTT in the upstream intron show, on average, a 20.216% lower exon skipping rate in brain compared to the other genes (Fig 5A) . Interestingly, neither of these heptamers is included in a simple rule in any of the tissues. The other complex rule with two heptamers from different regions, was found in spleen: {2_TTTCTCT, 3_TTTCTCT} => {meandiff(Spleen) = 32.536}. This rule indicates that genes with two TTTCTCTs in the upstream intron show, on average, a 32.536% higher exon skipping rate in spleen compared to the rest of the genes (Fig 5B) .
The third complex rule also occurred in spleen, and contained two heptamers from the same regulatory region: {3_AAAATAT 3_TTTGTTT} => {meandiff(spleen) = -24.253}.
The heptamers corresponding to complex rules were, on average, repeated higher multiplicity within their genes than heptamers from simple rules (Fig. 6 ). In genes with two or more heptamer occurrences, heptamers from complex rules occurred in greater numbers than heptamers from simple rules regardless of whether the heptamers were from the same region (p-value of 0.067) or from all regions (p-value of 0.009). Genes with only one heptamer do not show a significant difference in mean exon skipping rate while genes with both heptamers show significantly lower exon skipping rates in both cases. We also compared the motif conservation scores of heptamers from simple and complex rules using PhastCons [32] scores stored in UCSC. PhastCons fits a phylo-HMM to the data using maximum likelihood, and then predicts conserved elements based on this model [32] . Half of the heptamers from complex rules are significantly more conserved than random heptamers (p-values < 0.05) and a third of the heptamers from simple rules are significantly more conserved than random heptamers (p-values < 0.05), data not shown.
Fig 7.
Exon skipping rates in 10 tissues. Black bars represent the mean exon skipping rate for genes with a frequent heptamer. Gray bars represent mean exon skipping rate in for all genes.
Finally, to further validate our motif predictions, we assessed the overlap of our predictions with known AS regulatory sequence motifs stored in AEDB [33] . Among all heptamers involved in simple and complex rules, 43% occur within enhancer/silencer sequences from AEDB. This is a significantly (p-value = 0.017) higher percentage than we observed for a randomly selected set of heptamers of equal size.
Conclusion and Discussion
We have applied distribution-based quantitative association rule mining to discover putative cis-regulatory motifs and motif combinations in alternatively spliced genes. Quantitative association rule mining provides a convenient framework for the systematic investigation of sequence motifs involved in the regulation of AS. Using the t-test and Bonferroni's multiple testing correction, we identified several statistically significant associations between sequence motifs, and tissue specific exon skipping rates. We found 94 simple rules containing 1 sequence motif in the antecedent, and 3 complex rules which contain 2 sequence motifs in the antecedent. Among the complex rules, 2 rules contain heptamer pairs from different regions of the pre-mRNA sequence. None of the heptamers from a complex rule is also found in a simple rule. We hypothesize that these heptamer pairs correspond to factors which have to co-occur in order to influence alternative splicing. An approach which only targets individual motif candidates would have overlooked these motifs.
Many heptamer sets are found in multiple tissues, even when using high support thresholds. For example, the heptamer TGTGGAG in cassette exons appears in rules describing heart, intestine, and muscle expression. Genes including this heptamer show lower exon skipping rates in all tissues (Fig 7) . In addition, two very similar heptamers, 4_GCTGGAG and 4_TGTGAAG, appear in rules which also correspond to a reduction in exon skipping rate. We speculate that the heptamers TGTGGAG, GCTGGAG and TGTGAAG might correspond to a single degenerate cis-regulatory element associated with a reduction of exon skipping. Among all 59 heptamer sets, 16 heptamer sets are found in two or more rules affecting exon skipping in different tissues.
On the other hand, some heptamers only affect exon skipping rate in a single tissue. For example, the rule {1_GCCAAAG} => {meandiff(spleen) = -18.186} occurs only in spleen, with a support of 29 genes. The genes with this heptamer show significantly (p-value = 0.040) lower exon skipping in spleen (Fig 7) . We hypothesize that this heptamer motif increases exon inclusion specifically in spleen.
This work has demonstrated that distribution-based quantitative association rule mining is a viable approach for discovering putative complex regulatory motifs for AS. In addition, comparison with known regulatory motifs stored in AEDB [33] shows a significant enrichment of our heptamer set. Thus, we hypothesize that our motif catalog provides a promising list of candidates for subsequent experimental validation.
